Diffusion tensor MRI (DTI) has been widely used to investigate brain microstructural changes in pathological conditions as well as for normal development and aging. In particular, longitudinal changes are vital to the understanding of progression but these studies are typically designed for specific regions of interest. To analyze changes in these regions traditional statistical methods are often employed to elucidate group differences which are measured against the variability found in a control cohort. However, in some cases, rather than collecting multiple subjects into two groups, it is necessary and more informative to analyze the data for individual subjects. There is also a need for understanding changes in a single subject without prior information regarding the spatial distribution of the pathology, but no formal statistical framework exists for these voxel-wise analyses of DTI. In this study, we present PERVADE (PERmutation Voxel-wise Analysis of Diffusion Estimates), a whole brain analysis method for detecting localized FA changes between two separate points in time of any given subject, without any prior hypothesis about where changes might occur. Exploiting the nature of DTI that it is calculated from multiple diffusion-weighted images of each region, permutation testing, a non-parametric hypothesis testing technique, was modified for the analysis of serial DTI data and implemented for voxel-wise hypothesis tests of diffusion metric changes, as well as for suprathreshold cluster analysis to correct for multiple comparisons. We describe PERVADE in detail and present results from Monte Carlo simulation supporting the validity of the technique as well as illustrative examples from a healthy subject and patients in the early stages of multiple sclerosis.
Introduction
In recent years, diffusion tensor magnetic resonance imaging (DTI) (Basser et al., 1994a; Basser et al., 1994b) has been widely used in studying normal development and aging, and diverse pathological conditions of the human brain due to its unique ability to identify microstructural abnormalities. Since DTI is a relatively new technique and is fundamentally different from other imaging techniques in that each voxel contains not a single value but a 3×3 matrix with 6 unique elements called the diffusion tensor, the statistical analysis of DTI is still under development. Multiple approaches exist for defining the target regions for statistical comparisons, including manually traced region of interest (ROI), fiber tracking defined ROI, whole brain histogram, and whole brain voxel-wise analysis by statistical parametric mapping SPM (Friston et al., 1995) or by tract-based spatial statistics (Smith et al., 2006) . There are also diverse DTI-derived parameters to compare, such as mean diffusivity (D av ), parallel / transverse diffusivity, fractional anisotropy (FA) and the primary eigenvector (Schwartzman et al., 2005) .
Most DTI studies with statistical testing performed in one or more of the aforementioned ways have one thing in common; they are all multiple-subject group comparison studies, usually one group of experimental subjects compared with a matched group of healthy control subjects. Group comparison studies are possible when the effects of interest are located in stereotypical anatomic structures, such as the same white matter tracts, across subjects. In certain conditions where the effects are expected to be focal (or multi-focal) with spatial distributions that are highly specific for individual subjects, finding and grouping subjects that share effects in similar anatomic locations may be difficult. Furthermore, group analyses demand that significant effects be larger than group variability and therefore may suffer from decreased sensitivity. A statistical analysis that can be performed in individual subjects is thus required. Due to the non-Gaussianity, DTI parameters such as anisotropy indices (Pajevic and Basser, 2003; Skare et al., 2000) makes parametric testing less optimal. Non-parametric resampling techniques have great potential in the statistical testing of these DTI data since the recent trend of oversampling DTI data makes it suitable for resampling. One of these techniques called bootstrap has been shown to be very useful in DTI (Chung et al., 2006a; Heim et al., 2004; Jones, 2003; Lazar and Alexander, 2005; Pajevic and Basser, 2003; Whitcher et al., 2007) . These works have shown the ability of bootstrap to estimate the uncertainties of DTI parameters (descriptive statistics) but have not addressed the issue of statistical significance testing (inferential statistics). For statistical testing when comparing two groups, permutation testing (Edgington, 1995; Good, 2005; Manly, 2007) , another non-parametric resampling technique, can be useful as well.
Permutation testing provides statistical significance testing of differences between groups, with the unique ability of directly estimating the null distribution of the statistic describing the difference, rather than assuming a null distribution of analytically known form (such as Tdistribution). Multiple groups are required for resampling and permutation testing provides exact (or almost exact) p-values but does not estimate uncertainties of sample statistics (such as the standard error of mean). Bootstrap is mainly used to estimate the accuracy of sample statistics by resampling from one group (multiple groups are not required). Though it can be used not only in descriptive statistics (i.e. standard errors) but also in inferential statistics (i.e. significance testing), bootstrap testing is not able to estimate a data-driven null distribution and bootstrap-estimated p-value is only approximate.
We focus on permutation testing in this work. Permutation testing is well-established in the field of neuroimaging, especially functional MRI where numerous works advocate the strength of this approach in the last decade (for a review refer to (Nichols and Holmes, 2002) ). Permutation based method 1) makes minimal assumptions and thus can be applied even in situations where the assumptions of parametric approaches are not met or cannot be verified, 2) is conceptually simple and provides intuitive solutions to the multiple comparison problem, and 3) is easily applicable to any test statistics allowing the researchers to freely choose the statistic best suited for their studies. Unlike bootstrap, permutation testing can elegantly incorporate the whole statistical procedure of voxel-wise comparison and multiple-comparison correction in a completely non-parametric way due to the ability to estimate data-specific null distribution as described above, possibly with more accurate p-values.
In this study, we describe how permutation testing can be properly implemented in voxel-wise analysis of single-subject serial DTI studies. We will pay special attention to not violoating exchangeability assumption for permutation testing that if groups are not different then any regrouping of the samples (permutation) are equally likely as the original grouping (observation). Then, we present a novel statistical analysis framework called PERVADE (PERmutation Voxel-wise Analysis of Diffusion Estimates) that is designed to localize subtle and local microstructural changes over time in the whole brain of a single subject without any prior hypothesis. PERVADE includes 1) non-linear registration between two time-points to account for any morphological changes over time, 2) voxel-wise calculation of p-values by permutation testing, and 3) suprathreshold cluster analysis with permuation testing to deal with the multiple comparison problem. Our preliminary results of local microstructural changes detected outside as well as inside the focal lesions of patients in the earliest stage of multiple sclerosis show the potential of this technique to provide additional information about microstructural white matter injury.
Methods

DTI Permutation Testing
Permutation Testing in Group Comparison-Before presenting the proposed voxelwise permutation testing in a single-subject serial DTI study, we first examine how it would be done in a multiple-subject group comparison study (i.e. comparison of group-averaged metric between two cohorts), a simple and typical scenario of permutation testing. To test whether the observed difference in group-averaged FA, i.e.
, is statistically significant, permutation testing can be performed as follows. All subjects are randomly assigned to either group A or B while maintaining the original number of subjects (thus redefining groups A, B to A*, B*), and one permutation replication of defined as is calculated. If the null hypothesis H 0 that the FA values of groups A and B are not different holds, then this re-grouping (or re-labeling to either group in each subject) would be equally likely to happen as the original grouping, meaning that any possible are equally likely as . Thus, the random variable has the null distribution of if H 0 is true, and it is called permutation distribution.
The statistical significance (p-value) in the permutation testing is defined as, [Equation 1] where N is the total number of possible labelings. This simply quantifies the probability of observing group-averaged FA difference more extreme than by random chance. If this probability is less than 5 percent (p≤0.05) then is unlikely under H 0 , and we reject H 0 concluding that two groups are different in terms of FA. If N is too large to compute all possible labelings, the p-value can be approximated by using a randomly chosen subset of all possible labelings such that [Equation 2] where N'<N. Typically N'=1000 and (i.e. the first labeling of is just the observed statistic ).
Permutation Testing in Intra-subject Serial Comparison-On the other hand, if we want to test whether FA from two time points of a single subject is different, we can no longer permute the observed FA values since there are only two such values available, one from each time point. Instead, since the FA at one time point is calculated from the diffusion weighted images (DWIs, this refers to the raw images acquired in a single diffusion encoding direction for DTI in this study) at that time point (just like is calculated using the FA values from the individual subjects of the group), the DWIs can be permuted. Assuming that same DTI acquisition protocol was used for two time points, which is a typical scenario since it is always strongly encouraged to use the same protocol in the same scanner for follow-up MRI studies, the simplest approach satisfying exchangeability is to permute only the DWIs that have the same diffusion encoding (diffusion gradient direction and strength). This stratified permutation scheme shares similarity with permutation of scans only within an exchangeability block in functional neuroimaging (Nichols and Holmes, 2002) , and with stratified (or repetition) DTI bootstrap (Chung et al., 2006a; Pajevic and Basser, 2003) . While multiple repeated acquisitions are mandated for stratified DTI bootstrap, scans for stratified DTI permutation do not need to be repeated at each time point since pooling two time points naturally guarantees at least two repetitions. A caveat here, though, is that even with the same diffusion encodings, the DWIs may still not be theoretically exchangeable due to differences in the gain factors in the raw MR signal intensities and possible difference in head positioning (effectively changing the diffusion encoding directions relative to the brain tissue). Any drift in the gain factors of the MR system will result in changes of the DWI signal intensities. However, this difference can be easily remedied and exchangeability secured by simply estimating the ratio of the signal intensities from the images where we can assume that there are no biological changes, such as normalappearing white matter (NAWM) in the non-diffusion-weighted images, simply called b=0 images. For the head positioning issue, if the relative angular locations of the brain to the MRI system are different between two time points, the brain will effectively be under different diffusion encodings even if the diffusion gradients are applied exactly the same way. Thus, we propose to permute the diffusion encoding gradients (rotated in the same degree as any registration performed in order to correct for the different head positioning) in conjunction with the DWIs themselves. While DWIs themselves might not be exchangeable in a strict sense, the complete set of permuted DWIs paired with properly adjusted diffusion encoding directions could be exchangeable.
The only assumption required to justify this approach is that slightly different configurations of diffusion encoding directions will not affect the probability distributions of DTI metrics. Our experience tells us that in typical serial MRI studies, the rotational components by different head angulations are usually a few degrees (axis of rotation either x, y, or z). After the permutations above, each of diffusion encoding direction will be 'jittered' around a few degrees, but the diffusion gradient scheme will be similar overall. Notice that even if we are permuting the pairs of DWIs and diffusion directions that are slightly jittered, we still opt for the stratified permutation since drastic variations of the set of diffusion gradients after permutation can distort the permutation distribution due to gradient configurations effects on the DTI parameter estimations (Jones, 2004) . Limiting the permutation within the exchangeability block defined as the same physical diffusion encodings guarantees similar diffusion gradient sets. The permutation testing to calculate voxel-wise p-value is illustrated in figure 1 steps (a) to (e) and figure 2.
Permutation Testing for Multiple Comparisons-The permutation scheme can be used not only for voxel-wise p-values but also to deal with the multiple comparison problem arising from testing multiple voxels simultaneously. Specifically, we chose the suprathreshold cluster analysis (STCA) method that is known to provide a good balance between the statistical power and the abilitiy to localize the changes (Bullmore et al., 1999; Friston et al., 1996; Nichols and Holmes, 2002; Poline et al., 1997; Roland et al., 1993) . In STCA scheme, the statistic map is initially thresholded at some arbitrary single voxel level to define clusters (spatially contiguous voxels with contiguous defined as sharing a side). The multiple comparison corrected p-values for clusters are then calculated based on the distribution of maximum cluster sizes identified in each permutation originally done for the voxel-wise analysis; i.e., the same set of permutations are used for all voxels in the analysis domain. Equation 2 is valid here as well except that taking the absolute values of and is not necessary since cluster sizes are always positive (thus it is one-tailed testing, not two-tailed) and the equation is shown below, [Equation 3] where and . {p} and denotes the observed p-value map and p-value map from i th permutation each, in the domain of whole white matter.
The implemented permutation-based STCA is similar to that described previously (Holmes, 1994; Holmes et al., 1996; Locascio et al., 1997) , except that we use the p-value maps created from voxel-wise permutation tests to define clusters intead of some other statistic maps (like t-statistic). During the voxel-wise permutation testing, the whole image of DWIs are permuted together instead of permuting individual voxels independently. While not affecting the voxelwise permutation testing in any way, this helps to create permutation replicas of the statistic maps that are equally likely in terms of spatial correlation structures as well as the distribution of p-values. Each cluster in the observed p-value map are assigned the cluster-wise p-value by comparing the cluster size with the maximal cluster permutation distribution , i.e. the collection of image-wise maximal cluster size from all the permutation replicas. The clusterwise p-values estimated as such are by definition multiple-comparison corrected since the permutation distribution describes the probability of having any cluster(s) above certain size in the image by random chance. It has been shown that a strong control of family-wise error is achieved in this way, meaning that we can localize significantly changing regions by rejecting the null hypothesis for the clusters with adjusted p-values smaller than 0.05, rather than simply knowing that changes are occurring somewhere in the brain . The permutation testing to calculate multiple-comparison-corrected cluster-wise p-values is illustrated in figure 1 steps (f) to (h).
Identification of significant clusters was performed with a multi-step iterative algorithm called the step-down test (Holmes, 1994) . After rejecting the null hypothesis for clusters exceeding the 95 th percentile of the permutation distribution , a new white matter domain that does not include these clusters was defined. was then re-estimated from this new domain using the same p-value maps, and any previously undetected clusters were searched. These steps were repeated until no more clusters were rejected. Then, in the final step was considered the most appropriate null distribution least affected by any real changes, and all the clusters in the whole white matter domain were tested against this distribution. Actually, this approach of re-estimating after excluding all rejected tests simultaneously rather than only the most significant test is called the jump-down variant of the step-down approach.
Jump-down testing can substantially decrease the computation time due to fewer steps.
Non-linear Registration
As is the case for most voxel-wise analysis techniques, PERVADE depends on the accuracy of registration techniques. It is designed for detecting changes over time in the same subject, and it is easier to register data from the same subject than across subjects since there is much less intra-individual than inter-individual biological variability. This makes PERVADE less vulnerable to misregistration than group comparison methods. Still, any morphological changes over time such as atrophy should be accounted for, and, if not, they may be detected as significant changes. While acknowledging that detecting atrophy of specific white matter structures based on the unique ability of DTI to create rich contrast within white matter is also a subject of interest, the focus of PERVADE for now is to detect 'microstructural' changes over time, parametrized by DTI scalar indices such as FA, rather than 'macrostructural' volumetric changes associated with atrophy. Thus we attempted to eliminate volume changes by non-linear registration but remain sensitive to microstructural related intensity changes due to the atrophy process.
A high-order non-linear registration algorithm (Sdika, 2007) was used for registration of the diffusion data between time points. The transformation was parametrized using cubic Bsplines, making it intrinsically smooth, local, compact and fast to compute. The local support property of B-spline is particularly important as it ensures that a deformation in a given region of the brain has only a local effect on the transformation. An empirically chosen node spacing of 12 voxels in x, y, and z directions was used. To prevent folding in the transformation, the registration was constrained. These constraints made the Jacobian of the transformation greater than a small positive threshold on the pixels. Negative Jacobians between the pixels were penalized by making Jacobian derivatives small on pixels. The constrained optimization problem was solved using a combination of the multipliers method and the limited memory Broyden-Fletcher-Goldfarb-Shanno (L-BFGS) method (Liu and Nocedal, 1989 ) with a nonmonotonic line search. The cost function was the squared difference between the reference and the deformed version of the floating image, suitable for intramodal registration of quantitative images such as FA.
Monte Carlo Simulation
Monte Carlo simulation studies were performed to investigate the effects of rotated diffusion encoding directions and different gain factors on the permutation exchangeability between different time points. DTI acquisition in each time point was assumed to be six diffusion directions (dual gradient scheme, b=1000 s/mm 2 ) in addition to one b=0 s/mm 2 acquisition, repeated three times (total 21 measurements). The noise-free diffusion tensor D was defined with FA=0.5, D av (=Tr(D)/3) =0.7 × 10 -3 mm 2 /s, and λ 2 =λ 3 .
The simulation of noisy diffusion weighted signals and DTI processing was done in a similar manner as described elsewere (Chung et al., 2006a) . From D, noise-free diffusion weighted signals were calculated by S(g) = S 0 exp(-bg T Dg) where S 0 is the signal without diffusion weighting, b is the diffusion weighting factor, and g is 3×1 unit vector of the diffusion-encoding gradient direction. For time point B, in addition to using the same gradient set and scaling factors, we also tested scenarios where g was replaced by g'=Rg (R is a product of three 3×3 matrices, each describing rotations around x, y, and z axis each) or S 0 was replaced by S 0 ′ in order to simulate the rotated diffusion directions or drift in gain factors. Next, the noise modeled as complex random number with real and imaginary parts following Gaussian distribution of zero mean and standard deviation σ(=S 0 /SNR) was added to S(g) and the magnitude of the noisy signal was calculated. The magnitude of the added noise (SNR=25 in S 0 or S 0 ') was constant for both time points, and for all the simulation studies.
From a complete set of noisy signals, the noisy diffusion tensor, FA, and finally the statistic of interest were calculated. Then, the stratified DTI permutation algorithm was performed on a pool of 42 signals (7×3 from each time point) 999 times, with and without the 'corrected' permutation scheme that ensures exchangeability by permuting g (g' for B) in conjunction with S(g) (scaled in B to match A). Using the statistic from the original labeling and the values from the 999 permuted labelings , the p-value of was calculated by equation 2. This experiment of estimating a p-value from a noisy dataset was repeated 10,000 times to derive a distribution of p-values. We assumed that the distribution of FA at both time points was equivalent and therefore the distribution of p-values should have a uniform probability between 0 and 1. This fundamental statistical property was used to evaluate our methods. The gold standard (a uniform distribution) and derived p-value distributions were compared using quantile-quantile plots (Q-Q plots).
Human Brain Data
Subjects / Acquisitions-Clinically isolated syndrome (CIS) is a diagnosis given to patients who experience for the first time neurological symptoms indicative of central nervous system dysfunction (visual, brain/brainstem, or spinal cord) thought to be due to primary demyelinating disease. It is considered by clinicians to be the earliest stage of multiple sclerosis (MS), even before a definite diagnosis can be confirmed by subsequent clinical symptoms or new lesions seen on MRI scans. Three CIS subjects at risk of developing MS and one healthy volunteer were included in this study. Patients were part of an ongoing follow-up study of CIS patients, with scans at baseline (within 3 month of initial clinical presentation) and every 3 to 6 months afterward for two years. A 27-year-old healthy male subject was scanned four times within two months in order to validate the technique when no biological changes over time can be assumed. All subjects gave informed consent and the study was approved by our institution's committee on human research.
All images were acquired on a 1.5T GE Signa system (General Electric, Milwaukee, WI) equipped with 4G/cm gradients and a standard quadrature head coil. The DTI scans were performed with a single-shot multislice axial spin echo EPI sequence (TR/TE = 7s/105ms, 9 NEX) at 1.7×1.7×2.1 mm voxel resolution using six diffusion-encoding directions (dual gradient scheme) at b=2000 s/mm 2 in addition to one b=0 s/mm 2 image. The brain was covered from the level of midbrain to the vertex with 40 slices. Data averaging in the scanner was done up to 3 NEX, which was acquired three times to come up with 3 repetitions of 3 NEX data.
Analysis-The overall procedure of PERVADE can be split into 5 steps, and the details of each step are given below.
Step 1: Initial DTI processing at each time point: After motion correction by linear image registration (FLIRT) , the DWIs were slightly smoothed using a 3×3×3 voxel Gaussian kernel (FWHM 1.5 voxel) to increase the SNR and were processed to calculate FA, as described elsewhere (Chung et al., 2006a) . Brain masks were created from the b=0 images using the brain extraction tool (BET) (Smith, 2002) in order to mask out the artificially high FA regions outside the brain so that these will not affect the inter-time-point registration of FA maps in the next step.
Step 2: Inter-time-point registration: Non-linear registration was done after the initial linear registrations by FLIRT. For both linear and non-linear registrations, FA maps from all the time points were matched to a reference FA map that was created as follows. First, a linear transformation between FA maps from two arbitrarily chosen time points was calculated. Then, the FA map from one of these time points was half-transformed to the other time point such that the resulting FA map will be spatially in the middle in between these two FA maps. This procedure ensured that none of the time points benefited from having no registration / interpolation error that can arise in other time points. Also, sinc interpolation was used for all the registrations in this study. The DWIs were resampled based on the transformation between the FA maps.
Step 3: Masking Out Unnecessary Regions: We masked out brain regions where subsequent permutation tests were not to be performed. Not only does this save computation time, but this also increases the power of detecting statistically significant clusters by reducing the number of multiple comparisons. By default, white matter from the whole brain was defined as the domain for permutation testing. The whole brain white matter was defined as voxels within the brain that had FA values larger than 0.2 from the average of the FA maps from the two time points, and that were not contaminated by CSF (defined by segmenting b=0 image using an automated segmentation tool (FAST) (Zhang et al., 2001) ).
Step 4: Permutation testing for voxel-wise p-values: The DWIs that were resampled to the common space by step 2 were smoothed using the same smoothing kernel of step 1 before voxel-wise permutation testing. Voxels outside the white matter were not included in the smoothing kernel. The first time point (baseline) was compared to subsequent time points. For each time point, the directions of the diffusion gradients were rotated to the same degree as determined from the linear transformation in step 2. In order to be exact, the degree of rotation should include the additional components of the non-linear transformation, but this was deemed minor in comparison to rotation described by linear transformation and thus was neglected. The scaling factor correcting for the drift in the gain factors over time was estimated from the median of ratio of signal intensities from NAWM (lesion masked out from white matter defined in step 3) and then multiplied back to DWIs. Permutation testing was performed with the observed labeling plus a randomly chosen set of 999 labelings, and the voxel-wise p-values were estimated as described above.
Step 5: Permutation testing for suprathreshold cluster analysis (STCA): In step 4, the permutation of the DWIs were done at the image-level, thus each permutation could generate a null p-value map maintaining the inter-voxel spatial correlation structures. For each of the 1000 p-value maps, the maximum cluster size found after thresholding the voxel-wise p-values at p=0.01 was entered as a data point in the cluster null distribution. Actual definition of clusters was not only based on the voxel-wise p-values but also the sign of the changes; in order to be a cluster, all the voxels in the cluster have to be changing in the same direction (increased or decreased FA values). This eliminated the chance of defining clusters of mixed changes (which is difficult to interpret biologically) and increased the power of detecting clusters with unidirectional changes. Significant clusters identified by the jump-down method were overlaid on the averged FA maps for better visualization. In some cases, fiber tracking was performed to reveal the spatial connectivity between a focal lesion and significant clusters in the NAWM. The tracking algorithm was based on FACT (Mori et al., 1999) , with termination criteria of FA < 0.2 and angles of primary eigenvectors between connecting voxels > 50°.
Results
Monte Carlo Simulation
Comparison of the distribution of observed p-values from the simulation of permutation testing and the expected p-values are shown (Figure 3 ). Fig 3a shows that when the diffusion directions were rotated by 20 degrees each around x, y and z axes for one time point, and if the permutation was carried out ignoring the diffusion gradient directions, the observed p-values were deviated from the ideal distribution, with the trend of over-estimating p-values. This is not surprising since increased variability due to the mismatched diffusion gradient directions will lead to more dispersed permuation null distributions that will eventually inflate the estimated p-values.
Permuting rotated gradients in pair with the signals led to observed p-values that closely followed the expected distribution, demonstrating the effectiveness of the modified permutation strategy. Note that the p-values hit the floor of 0.001 since using 1000 labelings does not allow the p-values to be lower than 0.001. This is not an important issue for this study since the voxel-wise p-values are to be thresholded at 0.01 for the cluster analysis. However, if estimating smaller p-values are desired, more permutation labelings would be necessary at the cost of increased computation time.
Results for smaller degrees of rotation of 10 degrees show that the deviation from the expected distribution without permuting diffusion gradients was much less. Since the degrees of rotation for real follow-up studies were typically within the range of 5 degrees (see below), we expect that the problem of over-estimating p-values will not be a serious issue even if diffusion gradients were not permuted, and any small effects will be eliminated by our proposed correction algorithm.
The differences in signal gain factors can bias the p-values in the similar way as diffusion gradient rotation (Figure 3c,d ), and this effect was eliminated by scaling the intensities as described above. Figure 4 shows voxel-wise p-value maps from the observed ΔFA estimated by permutation testing from three pairs (0 month versus 0 month (head rotated), 1 month, and 2 months) for a healthy subject. We can appreciate the smoothed random field pattern with few noticeable nonrandom structures. Futher evidence of the validity of PERVADE in human data is demonstrated by the Q-Q plot showing excellent agreement of single-voxel p-values from the whole brain white matter with the expected distribution. The permutation distribution indicates that the probability of having any clusters larger than (or equal to) 11 voxels is 0.05, thus the critical value for significant clusters (for 0 versus 2 months) could be set as 11. Overall, only one significant cluster (slightly larger than the critical value) was identified in the three pairs of image-wise cluster analysis (data not shown).
Healthy Volunteer
CIS Patient #1
This patient had a significant thinning of the splenium of the corpus callosum over time that could be easily identified visually. For this patient, we compared the result from linear and non-linear registrations to investigate the effects of atrophy (tissue loss) with or without the non-linear registration. The baseline FA map registered to the FA map 10 months later, either by linear alone and by linear + non-linear transformation, are shown ( Figure 5 ). The corpus callosum in the registered baseline FA map was 'thicker' by about a half voxel than the reference image with linear registration only, while addition of the non-linear registration brought a better match in a qualitative sense. With the linear registration, significant clusters were identified at the border of the corpus callosum by PERVADE and those were not detected after non-linear registration. Even after non-linear registration, p-value maps of baseline versus 16 months showed the trend of general FA decrease in the corpus callosum (most voxels are in 'blue' color) though they were not detected by PERVADE as clusters.
CIS Patient #2
This patient developed three new lesions in and around the splenium of the corpus callosum at 9 months after the baseline scan. While a few clusters (most of them attributable to lesions visible in conventional MRI as well) were detected in the analysis of baseline versus followup scans before 9 months (data not shown), the analysis of baseline versus 9 months revealed numerous clusters with p<0.05, not only within lesions but also in the NAWM (Figure 6 ). In the later time points, there was a tendency for the FA clusters to remain longer than T2 hyperintensities in some lesions. Using DTI fiber tracking, part of the forceps major (a subset of corpus callosum fibers connecting occipital lobes on both sides) was delineated that intersects one of the new lesions at 9 months (the lesion within the splenium of corpus callosum close to the midline). Significant NAWM clusters were located within or near the tracks, suggesting that the detected NAWM changes might be related to the new lesion.
CIS Patient #3
This patient had a lesion within the right pyramidal tract at the superior level of the internal capsule and inferior aspect of the corona radiata. The degree of T2 hyperintensity within the lesion lessened after 3 month compared to the baseline scan, possibly indicating edema resolution. Results from the serial DTI permutation tests highlighted two significant clusters, one in the lesion with increasing FA over time, and another in the NAWM at the superior aspect of the corona radiata with decreasing FA over time (figures 7). Tracks (part of pyramidal tract) seeded from the lesion showed that the distal cluster of decreased FA was connected to the lesion, suggesting that they are possibly related.
Gradient tables rotation and gain factors
For all the human data analyzed by PERVADE, the average difference of angulation between the two time points were 2.52, 1.55 and 1.30 degrees around x-, y-and z-axes, respectively. The average difference in the gain factors was 5.6%.
Discussion
In this paper, we have proposed a novel non-parametric statistical framework for detecting subtle and local diffusion MRI changes over time in a single subject. To our knowledge, this is the first study to analyze single-subject serial DTI data at the voxel / cluster level. This was possible with the ability of DTI permutation testing to calculate voxel-wise statistic p-values and to correct for multiple comparisons. We have demonstrated that we can ensure exchangeability of the DWIs which justified our implementation of permutations for testing two DTI datasets. We have also demonstrated that voxel-wise p-values from the DTI permutation tests follow the expected null distribution in a control subject, and that we can detect statistically significant clusters in lesions and normal-appearing white matter of patients at the earliest stage of MS.
Diffusion MRI, including three-directional diffusion-weighted MRI and DTI, has been widely used in the study of MS . Numerous studies have shown that diffusion MRI is sensitive to subtle damage in the normal appearing brain tissue as well as lesions and that it might even provide insights about pathological processes such as inflammation, demyelination and axonal injury (Henry et al., 2003) . Serial studies can be especially valuable in studying disease evolution with or without treatment that can lead to a better understanding of pathophysiology and drug response, although they are rarely reported, probably due to more involved recruitment of patients. Four serial studies used ROI analysis of apparent diffusion coefficient (ADC) on either lesion or NAWM (Caramia et al., 2002; Castriota-Scanderbeg et al., 2002; Rocca et al., 2000; Werring et al., 2000) and one study used histogram analysis of D av and FA (Oreja-Guevara et al., 2005) . PERVADE is a completely different approach of analyzing serial DTI that can complement the techniques described above.
Before further discussing the merits and challenges of the technique presented here, we would like to point out that there have been numerous efforts in the MRI literature to use voxel-wise techniques to detect single-subject structural changes over time. Since the demonstration of detecting subtle brain changes by subvoxel registration and subtraction of serially acquired conventional MRIs (Hajnal et al., 1995a; Hajnal et al., 1995b) , image subtraction techniques have been widely applied in detecting intensity changes (such as lesions in MS or tumor evolution), morphological changes (such as atrophy) or both. For localization and quantification of atrophy, image subtraction schemes have either focused on the structural boundary shift (Freeborough and Fox, 1997; Smith et al., 2001; Wang and Doddrell, 2002) or Jacobian matrix (Crum et al., 2001; Freeborough and Fox, 1998; Studholme et al., 2003; Thompson et al., 2003) . For multiple sclerosis, the major interest was in the analysis of lesion evolution (Gerig et al., 2000; Lee et al., 1998; Meier and Guttmann, 2003; Rey et al., 2002) .
The techniques listed above have used conventional MRIs, and usually do not provide the statistical significance for the difference detected since conventional MRIs yield a simple oneimage datum that does not allow uncertainties to be calculated in each voxel. One study, though, has attempted statistical testing with conventional MRIs (Lemieux et al., 1998) . In DTI, a study utilized subtraction of FA maps over two time points to visualize the spatial distribution of FA changes (Qiu et al., 2006) , though no formal voxel-wise statistical tests were attempted. DTI is unique in that numerous images are acquired, and this allows sufficient number of labelings to be used for permutation. We took advantage of this property to create statistical procedures for detection, rather than simple subtraction.
The most important strength of PERVADE is that it can lead to an almost exact statistical testing with minimal assumptions, while parametric approaches will have to make numerous compromises to reach the same goal. For instance, if the classical statistical framework of SPM is attempted for this study, we would first need to estimate the standard error of FA by an analytical formula (Anderson, 2001; Chang et al., 2007) with approximations from matrix perturbations and assumptions of known SNR or non-parametrically (Chung et al., 2006b ). Then, we would need to create t-statistic maps assuming that FA probabilitic distribution can be approximated by a Gaussian distribution. Finally, for multiple comparison corrections, Gaussian random field theory (Friston et al., 1991; Worsley et al., 1992) can be used to investigate the distribution of the maximal statistic (largest t or cluster size) within the image, with numerous assumptions (Petersson et al., 1999 ) that might not be satisfied in our case (such as heavy smoothing of FWHM of at least 2-3 times the voxel size). The feasibility of a parametric statistical framework for serial DTI voxel-wise analysis would be a subject of future study.
While we have presented detection of significant FA clusters, the flexibility of the DTI permutation in the test statistic θ to be tested (θ =FA B -FA A in this study) allows it to be easily applied to different types of problems, as long as θ can be formulated. One simple example would be the comparison of FA averaged within a ROI. A more complicated scenario would be to test whether the connectivity between two predefined ROIs was changing over time in a subject. Connectivity testing are neither whole-brain voxel-wise nor ROI based tests, and certainly not well-defined in terms of parametric statistics since these problems are very specific to DTI analysis. For permutation testing, however, tests can be carried out in exactly the same way once θ is defined. Let's assume that θ=N B -N A where N is the number of reconstructed tracks connecting two regions, at time point A or B. If the permutation distribution of θ is created by tracking and counting the number tracks in each of the relabeled DTI datasets, we can calculate the p-value of observing the difference in the track counts by random chance. Last, permutation testing may be used in testing statistics derived from high angular resolution diffusion-weighted MRI or q-space imaging such as difference in generalized fractional anisotropy (GFA) or peaks of diffusion orientation diffusion function (ODF) (Tuch, 2004) .
In order to properly implement PERVADE, there are a few requirements to be met. First, it is designed to be suitable for serial DTI with the same DTI protocol. If comparing data from different sets of diffusion gradients is desired, stratified permutation of DWIs might not be optimal and the permutation distribution would include the additional variability from the effect of differing gradient configuration. Permuting residuals from fitting DWIs to the diffusion tensor model, similar to the way that residual bootstrap was implemented (Chung et al., 2006a) , might be an alternative that can be investigated in the future. Next, the ability of the permutation test to estimate small p-values depends on how many different labelings are possible. Suppose we have seven images (minimum for DTI) from each time point. Then, ( 2 C 1 ) 7 =128 different labelings exist and the smallest possible p-value is 1/128=0.0078 (or 0.0156 for two-tailed tests due to symmetry of labeling), which is not small enough if a p-value threshold of 0.01 is desired, for instance. Fortunately, most of the recent DTI studies acquire many more than seven images, and the number of possible labelings increase dramatically with more DWIs, such as ( 2 C 1 ) 14 =16,384 for 14 images with no repeated acquisitions, or ( 6 C 3 ) 7 ≈1.28×10 9 for the acquisition scheme used in this study.
It is also important to understand the limitations of PERVADE. This technique will be susceptible to artifacts that dominate the random noise, such as incomplete fat saturation. In a group comparison, the effects of artifacts will tend to be diluted due to the nature of having multiple subjects, but in a single subject study with only two datasets, image artifacts will play a more important role. For all the results presented here, we made sure that detected clusters were not the result of any possible unsuppressed fat signals at one of the time points. Another major artifact is due to cardiac pulsation, but this is believed to be less of an issue since the two time points will be affected to a similar degree. However, the cardiac artifiacts could still have different effects at different time points. The fact that we do not tend to see these artifactual effects in our analyses may arise from the permutation method, which to some degree will increase the variability in the null distribution in response to time-wise random effects during the individual DTI acquisitions.
Perhaps a more challenging issue is the effect of atrophy, as described in the registration method section. Even with a perfect registration, a complete distinction of microscopic and macroscopic changes may not be easy because of the following reasons. Technically, it is conceivable that changes in the microstructure will lead to slightly different definition of the 'boundary' of specific white matter structures that guides the registration, since no imaging technique other than DTI itself provides such rich contrast within white matter for the registration. Biologically, any irreversible damage in the axon / myelin structures will likely be followed by atrophy, thus it is not surprising that the two conditions often co-exist. Detecting these effects are both of much interest, but at some point we may have to accept that in trying to detect one of these two, the other may often exist to some degree. This difficulty does not invalidate the technique of detecting biologic changes, but rather adds some uncertainty to the interpretation in terms of pure microscopic versus macroscopic changes.
In general, the statistical power of detecting biologically-driven significant clusters is somewhat unclear at this moment. Not only do we have little prior information about the effect size we want to detect, but this is made more complicated by the fact that FA in the different ranges have different uncertainties even with the same SNR of the images. Also, it is not known how similar degrees of injuries will affect FA in white matter with different magnitudes of FA and whether more than one fiber population exists within a voxel. Thus the power to detect a similar degree of injury in different white matter structures can be variable. With more information available on how pathological changes affect DTI metrics, we will be able to estimate the requirements for the SNR of acquisition and more generally the reliability of this technique. In summary, we presented a novel statistical framework for whole brain voxel / cluster-wise analysis of single-subject serial DTI based on non-parametric permutation testing. This completely automated technique called PERVADE can be useful in detecting suble and local DTI changes over time in a specific subject, especially in disease processes such as MS or traumatic brain injury that have heterogenous regional distributions across different patients. Overall schematics of permutation testing to calculate voxel-wise p-values and multiplecomparison-corrected cluster-wise p-values in a serial DTI study of a single subject. This corresponds to steps 4 and 5 in the PERVADE procedures (see human brain data analysis section on the methods). Detailed schematics of permutation testing to estimate voxel-wise p-values in a serial DTI study of a single subject. It is assumed that in each time point the DTI scan of seven DWIs (first DWI can be regarded as b=0) are repeated twice. In each DTI dataset (inside the black dotted box), diffusion-weighted signals S( ) in the same row are acquired by applying the same diffusion gradients. or stresses that the effective gradients can be different in two time points due to the head positioning. Boxes around the signals are colored based on the diffusion gradients in the observed data while solid and dashed linestyles indicate the original time point A and B. On the right side is one possible permutation of DTI dataset. Permutation is done separately for each gradient (thus signals in the same gradient forms the exchangeability block), easily identified by the colors. For each N'-1 permuted and one observed DTI data, ΔFA from two time points are calculated and voxel-wise p-value of observed FA difference are estimated as the probability of more (or equal) extreme difference than the observed from the null distribution of N' differences, i.e. proportion of counts outside the red dashed lines to all N' counts in the histogram of right lower corner. Healthy volunteer. [Top row] p-value maps from the baseline (0 month) versus 0 month (same day, subject was moved in between), 1 month, and 2 month as well as FA map from the baseline. P-values are rescaled by log transformation, and the maximal intensity displayed is p=0.03. White matter regions (as well as the whole brain) used for masking before permutation procedures are shown in red contours. [Bottom left] Q-Q plot of estimated voxel-wise p-values in the whole brain white matter of baseline versus 2 month. [Bottom right] Histogram of baseline versus 2 month permutation distribution of image-wise maximal cluster size from N'=1000 permutation trials. Critical value was 11 (i.e. probability of maximal cluster size ≥ 11 voxels was around 0.05). The largest cluster in the observed p-value map was 8 (p=0.312) thus no clusters were declared significant. 
